Molecular markers permit detailed investigations of biological parentage in nature (Avise 1994; Hughes 1998) . Although numerous molecular studies have addressed paternity, maternity, and the genetic mating systems in avian and mammalian populations (see Andersson 1994; Birkhead and Møller 1998) , far fewer have focused on fishes or other poikilothermic vertebrates ( but see DeWoody et al. 1998; Jones et al. 1998; Kellogg et al. 1998; Parker and Kornfield 1996) . Yet given the diverse spawning behaviors of fish ( Taborsky 1994) and the potential to analyze data from the exceptionally large clutches they often produce, genetic studies of such groups should be highly informative about the broader evolution of organismal mating systems.
In many species, either males, females, or both sexes often mate with multiple partners. Such polygamous mating often may result in half-sib progeny arrays, where all offspring (e.g., within a nest) share one biological parent but not the other. For example, in many fish species, an attendant male builds and guards a nest into which multiple females deposit eggs which he then fertilizes ( Taborsky 1994) . Thus, barring cuckoldry, the offspring in such a nest comprise a collection of full-sib and half-sib progeny (i.e., a half-sib progeny array). In this progeny array, the attendant male is the shared parent, and the multiple females are the unshared parents.
Knowledge of the number of unshared parents contributing to a half-sib progeny array is vital to understanding behavioral, ecological, and other factors that may influence mating-system evolution. For example, do correlations exist between particular phenotypic characteristics (such as body size or coloration) and the number of successful mates? Does the number of surviving offspring in a clutch vary predictably as a function of a parent's success in obtaining mates? Such questions address the differential reproductive success of individuals, a central basis of sexual selection that should impact mating system evolution.
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seldom encountered in genetic parentage studies of mammals and birds. For example, a fish nest often may contain many thousands of offspring from multiple spawning events, with unknown parents (of at least one gender) drawn from a large adult population. Furthermore, it is seldom feasible to assay all of the progeny from each nest, so statistical issues inevitably arise concerning optimal sampling design in the genetic appraisals of parentage.
To begin to address these challenges, a package of computer simulation programs termed REPRODUCTIVES (composed of BROOD, GAMETES, and HAPLOTYPES) was developed to estimate, from codominant molecular markers, the true number of unshared parents contributing to a halfsib progeny array ( DeWoody et al. 2000a) . BROOD is designed to determine the average sample sizes of progeny necessary to detect the gametic contribution of each unshared parent. Brood reports two values, n and n*, as well as the 95% confidence limits of these values. The average number of offspring that must be sampled to detect all marker-specific gametes contributed by the unshared parents is termed n, whereas n* is the average number of offspring that need to be sampled to detect all true gametes contributed by the unshared parents (assuming that all gametes can be differentiated). GAMETES and HAPLOTYPES are single-and multilocus estimators, respectively, of the number of unshared parents of such an array. Several other methods have been designed to assess parentage using genetic marker data (Griffiths et al. 1982; Harshman and Clark 1998; Kellogg et al. 1998; Levine et al. 1980; Marshall et al. 1998; Parker and Kornfield 1996) . Two of these, the traditional single-and multilocus MIN-IMUM METHOD, are simple to implement and have been applied frequently in empirical studies (e.g., DeWoody et al. 1998; Kellogg et al. 1998; Parker and Kornfield 1996) .
To draw sound biological conclusions from empirical genetic data, the statistical methods employed must also be sound. Any useful estimator of parental numbers, for example, should be both accurate and precise. Thus the goals of this study are to introduce computer programs to count the number of distinct gametotypes contributed by unshared parents to a half-sib progeny array and to compare the accuracy and precision of alternative procedures for estimating the true number of unshared parents from such gametotypic counts.
Materials and Methods

Counting Gametotypic Numbers
We have developed three computer programs (COUNTS LOW, COUNTS MEDIUM, and COUNTS HIGH) to tally the number of genetically distinct gametotypes (singlelocus gametes or multilocus haplotypes) contributed by unshared parents to a halfsib progeny array. Each program assumes that the diploid genotypes of one parent (the shared parent) and of varying numbers of its progeny are known. This is often the case in the empirical literature where, for example, molecular assays have been used to genotype a parental guardian and some of the progeny from his or her nest. The COUNTS programs are available as MATLAB source code at w w w. g e n e t i c s . u g a . e d u / p o p g e n / parentage.html.
For each offspring in a nest, the alleles inherited from the unshared parent are deduced by subtraction [under the rationale that, barring de novo mutation, any allele in the progeny not displayed by the known (shared) parent must have come from the unshared parent]. This subtraction procedure always yields an unambiguous allelic assignment for the unshared parent, except when an offspring displays the same heterozygous genotype as its shared parent. [In a random mating population at Hardy-Weinberg equilibrium for n alleles, this occurs with probability ⌺ n iϭ1
where p i is the frequency of the
A i allele in the population ( Fiumera AC and Asmussen MA, submitted).] In these ambiguous cases, each COUNTS program utilizes different approaches to tally the number of distinct gametotypes. For simplicity, consider the case where only a single locus has been assayed; similar procedures are followed if the offspring and parent have been genotyped at multiple loci. COUNTS LOW (the most conservative method) treats this ambiguous locus as missing data; COUNTS MEDIUM randomly assigns one of the two possible alleles as the presumed contribution from the unshared parent and then tallies this contribution if it has not been detected in other offspring sampled from the nest; and COUNTS HIGH randomly assigns to the unshared parent whichever of the two possible alleles had not yet been previously detected in other offspring.
For example, suppose that the known parent and one of its progeny are both A 1 A 2 heterozygotes at a given locus. COUNTS LOW ignores the genotype of this offspring at this locus, while COUNTS ME-DIUM randomly assigns either the A 1 or the A 2 allele (with probability 0.5 for each) as the contribution of the unshared parent and tallies a new distinct gametotype only if it had not been previously detected. COUNTS HIGH assigns whichever of these two alleles had not been sampled previously in other offspring. If neither allele had been sampled, COUNTS HIGH randomly assigns either A 1 or A 2 . When no offspring are identically heterozygous to their known shared parent, all three COUNTS programs report the same value. Each of the COUNTS programs reports the number of multilocus gametotypes (i.e., haplotypes) across all loci and the number of single-locus gametotypes (i.e., alleles) from only the most informative locus (i.e., the single locus with the largest number of alleles attributable to the unshared parents).
Description of Estimators
Four statistical estimators of the numbers of unshared parents contributing to a halfsib progeny array are considered in this report; GAMETES and HAPLOTYPES as well as the single-and multilocus MINI-MUM METHOD. GAMETES and HAPLO-TYPES (see DeWoody et al. 2000a for details) are computer simulations that yield single-and multilocus estimators, respectively, of these parental numbers given genotypic data from a shared parent and varying numbers of his or her offspring. Both programs generate adult ''breeding'' populations based on specified allele frequencies and the corresponding HardyWeinberg genotypic frequencies. A single shared parent and from one to N unshared parents (N is defined by the user) are then chosen at random to be the parents of the half-sib progeny in a nest. Each nest of specified size is generated assuming Mendelian inheritance and equal offspring contributions by each unshared parent. The progeny array is then sampled (according to a sample size specified by the user) and the number of different gametotypes counted. This process is repeated thousands of times to generate frequency distributions for the number of distinct gametotypes contributed by N unshared parents given the designated parameters. Finally, the number of distinct gametotypes attributed to unshared parents in an actual empirical dataset (tallied using the COUNTS programs) is compared to the Ͻn, n, n*, Ͼn* a One example was completed with four loci, each having five alleles at equal frequencies.
b Two examples were conducted using empirically determined allele frequencies (see Table 2 ). c Number of loci, number of alleles and allele frequencies were identical to those described for the BROOD simulations. d n is the average number of offspring that must be sampled to detect all marker specific gametes contributed by the unshared parents; n* is the average number of offspring that need to be sampled to detect all true gametes contributed by the unshared parents. Sample sizes of Ͻn (1 standard deviation below n), n, n* and Ͼn* (upper 95% confidence limit of n*) were obtained from the BROOD simulations. These correspond to samples sizes of approximately 25, 50, 60 and 100 offspring, respectively. Hedrick (1985) .
simulated distributions to determine the most likely number of unshared parents (reported as the mode of the distribution) who contributed to a particular half-sib progeny array. For comparison, the performance of two additional estimators (the traditional single-locus and the multilocus MINIMUM METHOD; e.g., Parker and Kornfield 1996; Kellogg et al. 1998 , respectively) were also examined. The single-locus MINIMUM METHOD estimates the suspected number of unshared parents for a half-sib progeny array as the total number of different single-locus gametotypes (i.e., alleles) attributed to the unshared parents, divided by two. This number is rounded up if necessary. Under this method, as traditionally applied, only the data from the most informative genetic locus are used. The multilocus MINIMUM METHOD estimates the suspected number of unshared parents as the total number of different multilocus gametotypes (i.e., haplotypes) attributed to the unshared parents, divided by 2 L , where L is the number of loci assayed. Again, this number is rounded up if necessary. The number of gametotypes for both the single-locus and multilocus MIN-IMUM METHOD was tallied using COUNTS LOW.
Estimates of Accuracy and Precision
Computer simulations were used to evaluate the accuracy and precision of the single-and multilocus MINIMUM METHOD (using COUNTS LOW), and of GAMETES and HAPLOTYPES (using COUNTS LOW, COUNTS MEDIUM, and COUNTS HIGH) estimates for the number of unshared parents that contributed to each half-sib array. Henceforth these outcomes will be referred to as HAP/LOW (for estimates from HAPLOTYPES using COUNTS LOW), and so forth. The effects of the number of loci, number of alleles per locus, number of unshared parents contributing to a progeny array, reproductive skew among parents, and the empirical sample sizes of progeny (see Table 1 ) were all investigated for their effects on both the accuracy and precision of each method. In addition to the hypothetical allele frequency distributions described in Table 1 , the actual allele frequencies were employed from two empirical case studies ( Table 2) : one involving a population of redbreast sunfish with relatively high polymorphism ( DeWoody et al. 1998) , and the other involving green turtles with lower genetic variation (Peare T, et al., unpublished data) .
Briefly, for each simulation 50 replicate progeny arrays were generated under a set of conditions defined in Table 1 , knowing the user-defined (true) number of unshared parents. Each COUNTS program then tallied the number of distinct gametotypes in each progeny array, from which the number of unshared parents was estimated using GAMETES, HAPLOTYPES, and the single-and multilocus MINIMUM METHOD. The accuracy of each of these methods was calculated as the mean difference (in the 50 replicates) between the estimated and the true number of parents. Precision was estimated as the sample variance (across the 50 replicates) in the difference between the estimated and the true number of parents. Table 1 . (A) The number of offspring to be sampled from each progeny array was determined using BROOD simulations. (B) Simulated progeny arrays were generated and the specified numbers of progeny (from procedure A) were sampled. The number of gametotypes observed in the progeny sample was then tallied using COUNTS LOW, MEDIUM, and HIGH. Procedure B was repeated 50 times, assuming 1-10 unshared parents and both equal and skewed parental contributions for each defined set of parameters ( Table 1) . (C) From the number of gametotypes counted in B, the number of unshared parents contributing to each progeny array was estimated using GAM-ETES, HAPLOTYPES, or the single-or multilocus MINI-MUM METHOD as described in the text. (D) To determine the accuracy and precision of these various methods, the estimated number of unshared parents (from C) then were compared to the true number of parents as defined by the simulations for each of the different statistical estimators. 
Results
Overall Accuracy of the Estimators
As expected, the multilocus estimator ( HAPLOTYPES) was more accurate than the single-locus estimator (GAMETES) under virtually all conditions. In addition, the multilocus MINIMUM METHOD outperformed the single-locus MINIMUM METH-OD, but only by a small margin. Therefore further analyses will focus on HAPLO-TYPES versus the traditional multilocus MINIMUM METHOD. The overall accuracy and precision of HAPLOTYPES and the MINIMUM METHOD are presented in Figures 2-5 .
Both the accuracy and the precision of all estimators increase as either the polymorphism of the markers (i.e., number of equally frequent alleles) increases or the number of unshared parents contributing to the progeny array decreases. The MIN-IMUM METHOD is highly accurate when three or fewer unshared parents contribute to a half-sib progeny array, but increasingly underestimates the true number of unshared parents for nests with larger parental numbers ( Figure 2A ). Though often an underestimate, the MINI-MUM METHOD does tend to have a low sample variance (i.e., it is precise; Table  3 ). By contrast, HAPLOTYPES (using any of the COUNTS programs) is more accurate over a wider range of parameters than the MINIMUM METHOD ( Figure 2) . In many cases its performance is remarkably good. For example, using two loci each with 25 alleles, HAP/LOW is only 1.1 parents away from the true number, on average, when there are 10 unshared parents and progeny sample sizes are high ( Figure  3B ).
Overall, HAP/LOW, HAP/MED, and HAP/ HIGH appear fairly similar in their accuracy over much of the parameter space considered ( Figure 2B-D) . HAP/LOW performs best when fewer than five unshared parents contributed to a nest, whereas HAP/MED and HAP/HIGH perform best when more than five unshared parents were involved ( Figure 2B-D) . However, HAP/MED tends to be an overestimate when only a few parents have contributed to a progeny array and HAP/HIGH tends to be an overestimate over most of the biological conditions investigated. HAP/MED does slightly outperform HAP/LOW, on average, when there are many parents and genetic polymorphism is low, but there is very low precision in this area of the parameter space ( Figure 3C,D) . In addition, HAP/LOW has the appeal of taking a simple and conservative stance by acknowledging the lack of information provided by offspring with the same heterozygous genotype as the shared parent, as compared to HAP/MED which randomly assigns one of the possible gametotypes. Given the inherent difficulty of estimating a large number of unshared parents accurately and precisely when marker polymorphism is low, HAP/LOW is probably the most appropriate estimator for most biological situations. Therefore the remainder of the analyses will focus on the use of HAP/ LOW. 
Skew in Parental Contributions and Sample Size
HAPLOTYPES assumes that all unshared parents have contributed equally to a nest, so it is important to know how well this estimator performs when relative parental contributions are unequal. As expected, HAP/LOW tends to underestimate the true number of parents by a larger magnitude when parental contributions are skewed as compared to uniform ( Figure 4) . This effect can be partially mitigated by sampling more offspring from each nest (although the 95% confidence limits no longer capture the true value 95% of the time). As the number of offspring sampled increased from less than n to greater than n* (see of Table 1 for definitions), the accuracy of HAP/LOW improved greatly ( Figure 3A,B) . Even more dramatic was the effect on the precision of the estimate. As sample size increased, the variance in the error estimate of HAP/LOW decreased ( Figure 3C,D) , sometimes dramatically.
To emphasize the importance of precision in an estimator, and how sample size affects the precision of HAP/LOW, consider one particular example. For the case of two loci each with 15 alleles at equal frequencies, and with 10 unshared parents contributing to each progeny array, progeny sample sizes of either less than n, or of greater than n*, both underestimated the true number of unshared parents by approximately one individual, on average. However, the precision of the estimate was much higher with larger sample sizes. When a sample of less than n offspring (30 per nest in this particular example) was analyzed, HAP/LOW never estimated the true number of parents perfectly; it came within one parent of the true number 50% of the time; and it erred by more than three parents in 38% of the simulations ( Figure 5A ). However, for sample sizes of greater than n* offspring (104 in this example), HAP/LOW perfectly estimated the true number of parents in 22% of the simulations; was within one of the true number in 62% of cases; and never erred by more than three unshared parents ( Figure  5B ).
Additional Loci and Empirical Examples
Simulations were also conducted using the allele frequencies from two empirical datasets ( Table 2 ). In the case of the redbreast sunfish, there were 21.6 effective alleles (calculated as ϭ 1/⌺ from Table 2 ). The simulations for these real data were consistent with those involving hypothetical data that arbitrarily assumed two loci each with 10 equally frequent alleles (i.e., 20 effective alleles total). For example, using HAP/LOW, the mean differences between the estimated and the true number of unshared parents were Ϫ0.8 and Ϫ0.9 for the real and hypothetical allele frequency distributions, respectively ( Table  3 ). In addition, estimates from a green turtle population in which the empirical effective number of alleles was 12.4 were comparable to the case with two loci each with five equally frequent alleles (i.e., 10 effective alleles total) ( Table 3) . Thus the effective number of alleles might appear to be a useful yardstick for the anticipated accuracy and precision of HAP/LOW across different allele frequency distributions. For example, assuming that all alleles at a given locus were equally frequent, two loci each with 10 alleles (20 effective alleles) provided more accurate and precise results than two loci each with 5 alleles (10 effective alleles). However, the effective number of alleles by itself did not invariably predict the simulation outcomes. For example, two loci each with 10 alleles provided much more accurate and precise results than did four loci each with 5 alleles ( Table 3) Figure 5 . Example of the effects of progeny sample size on the precision of HAP/LOW. The frequency distribution in the difference between the estimated and the true number of unshared parents is shown for ( left panel) sample sizes of less than n (30 in this example), and (right panel) sample sizes at the upper 95% confidence interval of n* (104 in this example). The mean difference between the estimated and true number of unshared parents is approximately Ϫ1.0 for both distributions. This example was generated using two loci each with 15 equally frequent alleles, and assuming that 10 unshared parents contributed equally to each half-sib progeny array. The simulations here involved varying the total effective number of alleles (summed across loci). a From Peare T, et al. (unpublished data). b From DeWoody et al. (1998). the fact the effective number of alleles was 20 in both cases.
Discussion
Using molecular markers such as microsatellites, it is now feasible to genotype hundreds or even thousands of individuals in an empirical survey of genetic parentage. Such technical capabilities open novel opportunities (as well as statistical challenges) for examining fishes or other species with high fecundities, where hundreds or thousands of embryos may be present within the nest of a single attendant parent. For instance, estimating the true number of parents contributing to a half-sib progeny array often can provide a far more informative picture of reproductive behaviors and of the mating system than can traditional genetic analyses that simply exclude particular adults as potential parents of an offspring array.
Here we have evaluated the effectiveness of alternative methods to estimate the number of unshared parents who contributed to a large half-sib progeny array. Computer simulations were used to determine the accuracy and precision of these various estimators under multiple biological scenarios. Parameters used in the computer simulations included the level of marker polymorphism, the sample size of progeny, the number of unshared parents, and the numerical skew in parental contributions to the pool of progeny within a nest.
Under virtually all conditions investigated, the multilocus estimator HAPLOTYPES proved to be more accurate than the multilocus MINIMUM METHOD, or either of the single-locus estimators (GAMETES or the MINIMUM METHOD). The traditional single-and multilocus MINIMUM METHOD were highly accurate when few parents (typically three or fewer) contribute to a half-sib progeny array; otherwise they could greatly underestimate true parental numbers. A low variance of the MINIMUM METHOD does make it attractive for cases where the investigator wishes merely to determine if a progeny array consists entirely of full sibs or, alternatively, if it includes half-sib progeny as well. However, a maximum-likelihood method already exists to assess the relative likelihood of single versus multiple paternity ( Kichler et al. 1999) .
Most of the above conclusions stem from computer simulations involving two marker loci, each with varying numbers of equally frequent alleles. Other conditions normally may have greater biological realism. Fortunately the effective number of alleles in particular datasets often ( but not invariably) provided a useful predictor of relative accuracy and precision in the statistical estimators of the true parental numbers. In general, the use of multiple loci improved the power of these estimation methods. However, even with equal total numbers of effective alleles, a few highly polymorphic loci could yield more accurate and precise estimates of parental numbers than could many loci with low polymorphism.
It is important to recognize the limitations of any of these statistical methods. If the true number of parents contributing to a progeny array is large (greater than about five unshared parents), one cannot expect accurate and precise estimates of parental numbers from limited progeny samples, or from markers with low polymorphism. Thus in practice, serious attempts should be made to assay highly polymorphic markers and to sample at least n progeny ( but preferably either n* or the upper 95% confidence limit of n* from BROOD). Given this caveat, the RE-PRODUCTIVES package appears to offer reasonably accurate and precise estimates of parental numbers over a wide range of biological conditions. Particularly for large half-sib clutches that are the product of many unshared parents, use of this computer program should substantially improve estimates of the number of parents contributing to a nest. In fact, an empirical ''ground truthing'' of HAPLOTYPES demonstrated exact agreement between the estimated number of unshared parents from a sample of 20 offspring and the ''true'' number determined by virtually exhaustive sampling of 906 progeny from a single fish nest ( DeWoody et al. 2000b ). This result held even though one of the three unshared parents contributed nearly 50% of the offspring to that nest. More generally the surfaces in Figures 2-4 provide information on parameter spaces where any empirically based estimates of parental numbers in half-sib clutches are (and are not) secure.
Several other statistical approaches have been developed to assess parentage using data from molecular markers (e.g., Griffiths et al. 1982; Harshman and Clark 1998; Kellogg et al. 1998; Levine et al. 1980; Marshall et al. 1998; Parker and Kornfield 1996) , and some have overlapping goals with the current approach. For example, the CERVUS program of Marshall et al. (1998) is a maximum-likelihood approach that can be utilized to estimate the true number of unshared parents contributing to a half-sib progeny array, but it requires extensive knowledge ( beyond what is normally available in parentage studies of many organisms in nature) on the genotypes of the potential parents. The analytical approach of Levine et al. (1980) assumes that all parental alleles are observed in the sample of the progeny and therefore does not account for the effects of sampling varying numbers of offspring. The Harshman and Clark (1998) approach estimates remating frequency and sperm precedence by assuming a geometric decline in fertilization success by successive unshared males, but this assumption may not be realistic for many organisms.
The REPRODUCTIVES package ( DeWoody et al. 2000a) , considered here, differs from previous methods in that it (1) corrects for the possibility that parents share alleles, (2) accounts for empirical sample sizes from a progeny array, and (3) only requires knowledge of the allele frequencies in the adult population (i.e., the unshared parents contributing to a progeny array need not be actually sampled). Like other focused statistical methods, when applied in appropriate biological settings, this package should facilitate the use of molecular data in addressing a variety of questions involving genetic parentage, sexual selection, and alternative reproductive strategies in a wide range of creatures with large, half-sib clutches.
